Short title: models for sessile organisms -2 -
The models aim to describe the probabilities of transitions between states. In most Markov models for communities, these transition probabilities are assumed to be independent of state abundances. This assumption is often suspected to be false, and is rarely justified explicitly. Here, we start with simple assumptions about the interactions among sessile organisms, and derive a model in which transition probabilities depend on the abundance of destination states. This model is formulated in continuous time and is equivalent to a Lotka-Volterra competition model. We fit this model and a variety of alternatives in which transition probabilities do not depend on state abundances to a long-term coral reef data set. The Lotka-Volterra model describes the data much better than all models we consider other than a saturated model (a model with a separate parameter for each transition at each time interval, which by definition fits the data perfectly).
Our approach provides a basis for further development of stochastic models of sessile communities, and many of the methods we use are relevant to other types of community. We discuss possible extensions to spatially explicit models.
Subject headings: Markov models, coral reefs, Lotka-Volterra competition, maximum some but not all populations to which they have been applied (Gaines and Roughgarden the Conclusions, we consider some ways in which they could be modelled.
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We formulate the resulting model at the community level as a mean-field system of 141 constant-coefficient nonlinear differential equations. Transitions between states may occur 142 at any time. There is no reason to assume organisms only interact at fixed moments in 143 time, unlike models of organisms with annual lifecycles, where discrete time is a natural 144 choice. However, the properties of the system are likely to be sampled at discrete points in 145 space and time. We therefore base our likelihood function on discrete sampling. 
Derivation

147
In Appendix A1, we describe a stochastic model for the rate of transitions from state j to state i at a point in space, as a function of the number of points in state i. In the absence of detailed information on the spatial arrangement of points and dispersal distances, we then use a mean-field approximation in which the rate of transitions from j to i per unit frequency of state j is a ij x i , where the coefficient a ij has dimensions T −1 , and x i is the dimensionless frequency of state i. For transitions to empty space, we assume that there is no dependence on the frequency of empty space, and model the rate per unit frequency of j as a ej (dimensions T −1 ). We can now write an equation for the rate of change of frequency of each state, by summing the loss and gain terms over all destination and source states:
with x i ≥ 0 and
148
For simplicity, we do not discuss facilitation in detail here, but it could be included - the presence of j.
155
We can rewrite Eq. 1 in matrix form. Let A be a matrix whose off-diagonal elements are the interaction coefficients a ij and whose diagonal elements are zero. Let X be a diagonal matrix with entries x i if i = e, and 1 if i = e. Let C be a diagonal matrix of column sums of XA. Let x be a column vector of probabilities of each state. Then
where R(x) is a density-dependent rate matrix. 
Relationships to other models
157
In this section, we show how the model of Section 2 is related to two well-known 158 ecological models. First, it is a Lotka-Volterra competition model. Second, it is 159 indistinguishable from a homogeneous continuous-time linear model (or its discrete-time 160 equivalent) if it is at equilibrium, but will behave differently away from equilibrium and will 161 respond differently to changes in parameters.
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The general Lotka-Volterra competition model is
(MacArthur and Levins 1967), where r i (dimensions T −1 ) is a per-capita population growth -10 -competition coefficient measuring the effect of species k on the growth rate of species i.
165
Note that as in Eq. 1, the x i are proportions.
166
Because every point in the system is in one of the possible states, the proportion of points that are empty can be written as x e = 1 − k =e x k . Substituting this into Eq. 1 with i = e and rearranging, we obtain
which is identical to Eq. 3 with 
where Q is a matrix whose off-diagonal elements q ij (dimensions T −1 ) are non-negative instantaneous transition rates, and whose diagonal elements q jj are −1 times the column sums of off-diagonal elements. We refer to this model from now on as the linear model.
Note that if the system is not at equilibrium, Eq. 2 and Eq. 5 will behave differently.
Elsewhere (Spencer and Susko 2005), we discuss the relationship between this linear model and the usual discrete-time Markov models for communities of sessile organisms. Briefly, the usual formulation of a discrete-time Markov model is
where x(T ) is a vector of state probabilities at time T , and P(t) is a transition probability matrix whose ijth entry p ij (t) is the conditional probability of observing state i at time T + t given that we observed state j at time T . If there is a homogeneous continuous-time process with generator Q, then
where e Qt is a matrix exponential. P(t) is a stochastic matrix, and its largest eigenvalue is 172
1. Most models of this kind have a globally stable stationary distribution (Hill et al. 2004 ):
173 the condition for this is that P is regular (Kijima 1997, p. 52).
174
In many ecological analyses, the P matrix is estimated by recording the identities of To do so, we must assume either that the P matrix is independent of state 178 frequencies, or that the frequencies are close to equilibrium. One appealing feature of models for sessile organisms observed at discrete time intervals is that we can easily derive the likelihood of a model given the data. We can then make formal comparisons between models. Suppose we have a sequence of states y 0 , y 1 , . . . y k at a point in space observed at times t 0 , t 1 , . . . t k , where the time intervals are not necessarily equal. Under the Markov assumption, the probability of this sequence is
where P (y m |y m−1 ) is the probability of observing state y m at time t m given state y m−1 at 181 time t m−1 and P (y 0 ) is the probability of the initial state.
182
If we have a sample of sequences from a set of v independent and identically distributed (iid) points, then the likelihood L for the sequences at all the points is the product
where y m,h is the state at point h at time t m , p j (0) is the probability of state j at time 0,
is the probability of state i at time t m given state j at time t m−1 , n j (0) is the number of points in state j at time 0 and n ij (m, m − 1) is the number of points in state j at time t m−1 and state i at time t m . The product j is over all states and the product ij is over all combinations of states. In practice, it is easier to work with the log likelihood We fitted the models to data from a long-term study of coral community dynamics 
224
Data from this study have previously been analyzed using both discrete-time (Tanner et al. 72 species of corals and 9 species of algae were observed in the quadrats over the 235 27-year study period. In previous studies, these were grouped into eight categories based 236 on taxonomy and morphology, plus a free space state (Tanner et al. 1994 (Tanner et al. , 1996 Criterion for all the models. The saturated model is much better than the LV model, which comparison with the saturated model shows that other factors must also be important. In the linear model, the smallest singular value of the Jacobian was 1 × 10 −9 , which 296 may indicate potential identifiability problems (Appendix A3). The largest transition rate
297
was from algae to free space (q 63 = 147.53), an order of magnitude larger than any other.
298
The predicted proportion of algae is low and rapidly approaches an equilibrium. Parameter estimates for all the non-saturated models are given in become abundant (Figure 1 ). This is in accordance with the idea that algae are transient,
316
fast-colonizing species on this reef (Connell 1987).
317
There are a number of very low coefficients (< 1 × 10 −9 : 5/30 rates = 17%). In earlier not clear that this would be appropriate for our system, given the large variation in state 409 frequencies over time.
410
In conclusion, the models we have investigated here are simple, and have already 411 been well-studied in theoretical ecology. Our main contribution is the attempt to compare 412 the performance of these models as quantitative descriptions of long-term field data. for Protected Crest models, ordered by increasing AIC. -32 - 
